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Abstract

Background: Colorectal cancer (CRC) is a leading cause of
mortality in China, with metastasis significantly contributing
to poor outcomes. Histopathological growth patterns (HGPs)
in colorectal liver metastasis (CRLM) provide vital
prognostic insights, yet the limited number of pathologists

highlights the need for auxiliary diagnostic tools. Recent
advancements in artificial intelligence (AI) have
demonstrated potential in enhancing diagnostic precision,
prompting the development of specialized Al models like
COFFEE to improve the classification and management of
HGPs in CRLM patients.
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Methods: This study developed a transformer-based deep
learning model, COFFEE, for the precise classification of
colorectal cancer subtypes using whole slide images (WSIs)
from 514 patients diagnosed with colorectal cancer liver
metastasis. The model was pre-trained using DINO on 1,442
WSIs from the TCGA-COAD cohort, utilizing a vision
transformer (ViT) architecture to extract 384-dimensional
feature vectors from 256 x 256 pixel patches. The proposed
model integrates a transformer-based multiple instance
learning (TransMIL) framework, which effectively
aggregates spatial and morphological information through
multi-head self-attention and pyramid position encoding
generator (PPEG) modules. This design enables efficient
handling of large instance sequences within WSIs, allowing
for accurate binary and four-class classification. The model
was validated on 972 WSIs from a recent dataset,
demonstrating its robustness and clinical applicability.

Results: A total of 431 patients were included in three
cohorts: training (n=297), testing (n=104), and prospective
(n=30). Desmoplastic tumors were associated with longer
overall survival (OS, 53.6 vs. 31.9 months, p=0.002) and
progression-free survival (PFS, 252 vs. 10.7 months,
p<0.001) compared to non-desmoplastic tumors. The
COFFEE binary classification model achieved high
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predictive performance with AUC values of 0.961 in the
training, 0.935 in the testing, and 1.000 in the prospective
cohort. The four-class model also showed strong
performance, with AUCs of 0.961 and 0.966 in the training
and testing cohorts, and 0.985 in the prospective cohort. Al-
assisted models helped junior pathologists achieve an
accuracy of 94.7% (vs. 85.9%) and reduced diagnostic time
by 36%, improving both accuracy and speed.

Conclusion: This study developed the first Al model for
HGP classification in colorectal cancer liver metastasis,
achieving high accuracy in both binary classification and
four-class classification models. The model demonstrated
potential for improving diagnostic precision and guiding
post-surgery  treatment strategies, with  Al-assisted
pathologists surpassing traditional methods in a prospective
randomized trial.

Keywords:  Colorectal liver  metastasis (CRLM),
histopathological growth patterns (HGPs), artificial

intelligence (Al) in diagnosis, vision transformer (ViT),
desmoplastic classification
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Pretraining

B Validation process

FIGURE 2. Illustrates the application of an advanced artificial intelligence (AI) system in assisting the clinical
classification of colorectal cancer liver metastasis (CRLM) based on histopathological analysis.

A) Training process: The model was pre-trained using the TCGA-Colon cohort, followed by further training with
CRLM pathology slides from SAHSYSU (2013). The model demonstrated high accuracy and speed in binary and
four-class classifications, aiding pathologists with rapid diagnostic results. B) Testing process: The COFFEE model
was tested using 2023 CRLM pathology slides from SAHSYSU. Results from data collected a decade earlier
confirmed the model’s reliability in clinical practice. C) Prospective validation cohort: In 2024, pathology slides from
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30 CRLM patients were used to evaluate the COFFEE model. The left framework compared the model’s performance

with that of junior, intermediate, and senior pathologists in binary and four-class classifications. The right framework

assessed the impact of COFFEE model assistance on pathologist performance. The results showed that the COFFEE

model achieved comparable accuracy to senior pathologists with faster classification speeds, significantly enhancing

the accuracy and speed of pathologists in WSI-based CRLM classification. The model also has potential for future

applications in digital twin technology and clinical trials.

TABLE 1. Baseline characteristics of training, testing, and prospective cohorts.

Variable Training cohort Testing cohort Prospective cohort
N =297) (N =104) N=30)
Follow up, months (median, IQR) 23 (16, 38) 11(8,17) 65,7
Gender
Female 89 (30%) 42 (40%) 14 (47%)
Male 208 (70%) 62 (60%) 16 (53%)
Age, years (median, IQR) 58 (49, 65) 58 (51, 65) 56 (42,61)
<60 167 (56%) 59 (57%) 17 (57%)
260 130 (44%) 45 (43%) 13 (43%)
CEA (U/ml, [median, IQR]) 7@3,21) 7(4,21) 5@3,19)
CA199 (U/ml, [median, IQR]) 12 (5, 59) 15 (5, 75) 9,37
CA125 (U/ml, [median, IQR]) 13 (9, 19) 12 (8, 19) 14 (10, 21)
Number of liver segments involved
<2 169 (57%) 48 (46%) 14 (47%)
3 56 (19%) 19 (18%) 3 (10%)
4 37 (12%) 12 (12%) 5 (17%)
>5 35 (12%) 25 (24%) 8 (27%)
Number of liver metastases
<2 175 (59%) 53 (51%) 14 (47%)
3-5 70 (24%) 23 (22%) 5 (17%)
>5 52 (18%) 28 (27%) 11 (37%)
Maximum size of liver metastases exceeds
3cm
No 148 (50%) 65 (63%) 23 (77%)
Yes 149 (50%) 39 (38%) 7 (23%)
Preoperative chemotherapy
No 142 (48%) 38 (37%) 7 (23%)
Yes 155 (52%) 66 (63%) 23 (77%)
Tumor site
Left colon 244 (82%) 68 (65%) 26 (87%)
Right colon 53 (18%) 36 (35%) 4 (13%)
Pathological T stage
TO 6 (2.0%) 0 (0%) 1 (3.3%)
T1 2 (0.7%) 0 (0%) 0 (0%)
T2 27 (9.1%) 8 (7.7%) 3 (10%)
T3 197 (66%) 73 (70%) 24 (80%)
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T4

Pathological N stage
NO

N1

N2

Pathological type
Infiltrating

Mass

Ulcerative
Differentiation
Highly
Moderately
Poorly

Intravascular tumor thrombus

No

Yes

Ki67

HER2 stage*

0

1+

2+

3+

Genes mutation

Wild type

Mutation**
BRAF mutation
EGFR mutation
KRAS mutation
NRAS mutation
PIK3CA mutation
UGT1A1 mutation

65 (22%)

102 (34%)
146 (49%)
48 (16%)

45 (15%)
89 (30%)
163 (55%)

39 (13%)
215 (72%)
43 (14%)

204 (69%)
93 (31%)
50 (30, 70)

213 (72%)
49 (16%)

23 (7.7%)
12 (4.0%)

145 (49%)
152 (51%)
23 (7.6%)
1(0.3%)
71 (24%)
28 (9.3%)
34 (11%)
0 (0%)

23 (22%)

43 (42%)
38 (37%)
22 (21%)

20 (19%)
23 (22%)
61 (59%)

9 (8.7%)
80 (77%)
15 (14%)

64 (62%)
40 (38%)
60 (40, 70)

80 (78%)
18 (17%)
3(2.9%)
2 (1.9%)

62 (62%)
38 (38%)
3(2.9%)
1 (1.0%)
25 (24%)
1 (1.0%)
11 (11%)
1 (1.0%)

2 (6.7%)

13 (43%)
13 (43%)
4 (13%)

3 (10%)
6 (20%)
21 (70%)

2(6.7%)
27 (90%)
1 (3.3%)

22 (73%)
8 (27%)
70 (40, 70)

22 (73%)
6 (20%)
2(6.7%)
0 (0%)

17 (57%)
13 (43%)
2(6.3%)
0 (0%)
11 (34%)
0 (0%)
2 (6.3%)
0 (0%)

HER2: Human Epidermal growth factor receptor 2; CEA: Carcinoembryonic Antigen; CA199: Carbohydrate Antigen

19-9; CA125: Cancer Antigen 125; IQR: Interquartile Range.

* 0 (Negative): No membrane positivity, 0% proportion; interpreted as negative;

1+ (Weakly Positive): Weak membrane positivity, <10% proportion; interpreted as negative;

2+ (Equivocal): Moderate to strong membrane positivity, 10-50% or >50% proportion; interpreted as equivocal, FISH

testing recommended;

3+ (Positive): Strong membrane positivity, >50% proportion; interpreted as positive.

** Eleven patients have double gene mutations.
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TABLE 2. Pathological classifications in training testing and, prospective cohorts.

. Training cohort Testing cohort Prospective cohort
Variable
N =297) N =104) N=30)

Binary pathological classification

Desmoplastic 98 (33%) 39 (38%) 7 (23%)

Non-desmoplastic 199 (67%) 65 (63%) 23 (77%)
Four-class pathological classification

Desmoplastic 223 (75%) 75 (72%) 20 (67%)

Replacement 42 (14%) 12 (12%) 7 (23%)

Pushing 21 (7.1%) 11 (11%) 0 (0%)

Mixed 11 (3.7%) 6 (5.8%) 3 (10%)

TABLE 3. Clinicopathological characteristics of the training cohort based on binary pathological classification.

Variable Desmoplastic Non-desmoplastic p-value
N=98 N=199

Gender 0.2

Female 25 (26%) 64 (32%)

Male 73 (74%) 135 (68%)

Age, years (median, IQR) 58 (47, 64) 58 (49, 66) 0.4

<60 59 (60%) 108 (54%) 0.3

>60 39 (40%) 91 (46%)

CEA (U/ml, [median, IQR]) 6(3,12) 9(4,29) 0.002

CA199 (U/ml, [median, IQR]) 8 (4, 25) 18 (6, 90) 0.002

CA125 (U/ml, [median, IQR]) 12 (9, 21) 13 (8, 19) 0.6

Number of liver segments involved 0.7

<2 57 (58%) 112 (56%)

3 21 (21%) 35 (18%)

4 10 (10%) 27 (14%)

>5 10 (10%) 25 (13%)

Number of liver metastases 0.6

<2 61 (62%) 114 (57%)

3-5 20 (20%) 50 (25%)

>5 17 (17%) 35 (18%)

Maximum size of liver metastases exceeds 0.7

3cm

No 47 (48%) 101 (51%)

Yes 51 (52%) 98 (49%)

Preoperative chemotherapy 0.8

No 46 (47%) 96 (48%)

Yes 52 (53%) 103 (52%)

Tumor site 0.036

Left colon 74 (76%) 170 (85%)

Right colon 24 (24%) 29 (15%)

Pathological T stage 0.3
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TO 4 (4.1%) 2 (1.0%)
Tl 0 (0%) 2 (1.0%)
T2 11 (11%) 16 (8.0%)
T3 63 (64%) 134 (67%)
T4 20 (20%) 45 (23%)
Pathological N stage 0.061
NO 42 (43%) 60 (30%)
N1 45 (46%) 101 (51%)
N2 11 (11%) 37 (19%)
Pathological type 0.2
Infiltrating 18 (18%) 27 (14%)
Mass 33 (34%) 56 (28%)
Ulcerative 47 (48%) 116 (58%)
Differentiation 0.4
Highly 16 (16%) 23 (12%)
Moderately 70 (71%) 145 (73%)
Poorly 12 (12%) 31 (16%)
Intravascular tumor thrombus 0.9
No 68 (69%) 136 (68%)
Yes 30 (31%) 63 (32%)
Ki67 50 (30, 70) 50 (30, 70) 0.6
HER?2 stage* 0.6
0 71 (72%) 142 (71%)
1+ 13 (13%) 36 (18%)
2+ 9(9.2%) 14 (7.0%)
3+ 5(5.1%) 7 (3.5%)
Gene mutation 0.4
Wild type 51 (52%) 94 (47%)
Mutation** 47 (48%) 105 (53%)
BRAF mutation 9 (9.2%) 14 (6.9%)
EGFR mutation 1 (1.0%) 0 (0%)
KRAS mutation 20 (20%) 51 (25%)
NRAS mutation 8 (8.2%) 20 (9.8%)
PIK3CA mutation 9 (9.2%) 25 (12%)
Median OS, months (95% CI) 53.6 (45.5-NA) 31.9 (27.8-45.1) 0.002
Median PFS, months (95% CI) 25.2 (18.10-38.3) 10.7 (8.07-13.6) <0.001

HER2: Human Epidermal Growth Factor Receptor 2; CEA: Carcinoembryonic Antigen; CA199: Carbohydrate
Antigen 19-9; CA125: Cancer Antigen 125; IQR: Interquartile Range; OS: overall survival; PFS: Progression-Free
Survival.

* 0 (Negative): No membrane positivity, 0% proportion; interpreted as negative;

1+ (Weakly Positive): Weak membrane positivity, <10% proportion; interpreted as negative;

2+ (Equivocal): Moderate to strong membrane positivity, 10-50% or >50% proportion; interpreted as equivocal, FISH
testing recommended;

3+ (Positive): Strong membrane positivity, >50% proportion; interpreted as positive.

** Five patients have double gene mutations.
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TABLE 4. Clinicopathological characteristics of the training cohort based on four-class pathological classification.

Variable Desmoplastic Replacement Pushing Mixed p-value
N =223 N=42 N=21 N=11

Gender 0.2

Female 62 (28%) 15 (36%) 10 (48%) 2 (18%)

Male 161 (72%) 27 (64%) 11 (52%) 9 (82%)

Age, years (median, IQR) 58 (50, 66) 54 (47, 64) 61 (56,66) 60 (44,67) 0.4

<60 127 (57%) 26 (62%) 9 (43%) 5 (45%) 0.4

=60 96 (43%) 16 (38%) 12 (57%) 6 (55%)

CEA (U/ml, [median, IQR]) 63,19 12 (5, 38) 10 (4, 41) 18(9,98)  0.006

CA199 (U/ml, [median, IQR]) 10 (5, 38) 40 (9, 147) 15 (5, 171)  38(9,255) 0.008

CA125 (U/ml, [median, IQR]) 12 (9, 19) 14 (9, 19) 12 (9, 17) 17(9,24) 0.6

Number of liver segments involved 0.94

<2 126 (57%) 23 (55%) 12 (57%) 8 (73%)

3 43 (19%) 9 (21%) 3 (14%) 1 (9.1%)

4 29 (13%) 5 (12%) 3 (14%) 0 (0%)

>5 25 (11%) 5 (12%) 3 (14%) 2 (18%)

Number of liver metastases 0.8

<2 132 (59%) 24 (57%) 13 (62%) 6 (55%)

3-5 55 (25%) 8 (19%) 5 (24%) 2 (18%)

>5 36 (16%) 10 (24%) 3 (14%) 3 (27%)

Maximum size of liver metastases 0.6

exceeds 3cm

No 107 (48%) 24 (57%) 12 (57%) 5 (45%)

Yes 116 (52%) 18 (43%) 9 (43%) 6 (55%)

Preoperative chemotherapy 0.6

No 108 (48%) 18 (43%) 12 (57%) 4 (36%)

Yes 115 (52%) 24 (57%) 9 (43%) 7 (64%)

Tumor site 0.4

Left colon 179 (80%) 38 (90%) 17 (81%) 10 (91%)

Right colon 44 (20%) 4 (9.5%) 4 (19%) 1 (9.1%)

Pathological T stage 0.99

TO 52.2%) 1 (2.4%) 0 (0%) 0 (0%)

T1 1 (0.4%) 1 (2.4%) 0 (0%) 0 (0%)

T2 21 (9.4%) 3(7.1%) 2 (9.5%) 1(9.1%)

T3 148 (66%) 27 (64%) 15 (71%) 7 (64%)

T4 48 (22%) 10 (24%) 4 (19%) 3 (27%)

Pathological N stage 0.3

NO 80 (36%) 11 (26%) 8 (38%) 3 (27%)

N1 108 (49%) 23 (55%) 7 (33%) 8 (73%)

N2 34 (15%) 8 (19%) 6 (29%) 0 (0%)

Pathological type 0.12

Infiltrating 32 (14%) 5 (12%) 4 (19%) 4 (36%)

Mass 75 (34%) 9 (21%) 3 (14%) 2 (18%)

Ulcerative 116 (52%) 28 (67%) 14 (67%) 5 (45%)
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Differentiation

Highly

Moderately

Poorly

Intravascular tumor thrombus

No

Yes

Ki67

HER2 stage*

0

1+

2+

3+

Gene mutation

Wild type

Mutation**
BRAF mutation
EGFR mutation
KRAS mutation
NRAS mutation
PIK3CA mutation
Median OS, months (95% CI)

Median PFS, months (95% CI)

31 (14%)
162 (73%)
30 (13%)

153 (69%)
70 (31%)
50 (30, 70)

161 (72%)
37 (17%)
16 (7.2%)
9 (4.0%)

106 (48%)
117 (52%)
17 (7.5%)
1 (0.4%)
54 (24%)
22 (9.7%)
27 (12%)
51.0
(37.9-73.7)
17.38
(14.72-20.9)

5 (12%)
30 (71%)
7 (17%)

27 (64%)
15 (36%)
50 (30, 70)

32 (76%)
7 (17%)
3(7.1%)
0 (0%)

23 (55%)
19 (45%)
6 (14%)

0 (0%)

7 (16%)
4(9.3%)
3 (7.0%)
26.4
(22.1-NA)
7.98
(5.48-12.2)

3 (14%)
16 (76%)
2 (9.5%)

17 (81%)
4 (19%)
40 (30, 70)

15 (71%)
3 (14%)
3 (14%)
0 (0%)

12 (57%)
9 (43%)

0 (0%)

0 (0%)

6 (29%)
2(9.5%)

1 (4.8%)
58.3
(28.3-NA)
12.20
(5.15-34.2)

0.5
0 (0%)
7 (64%)
4 (36%)
0.6
7 (64%)
4 (36%)
40 (20,70) 0.7
0.019
5 (45%)
2 (18%)
1(9.1%)
3 (27%)
0.6
4 (36%)
7 (64%)
0 (0%)
0 (0%)
4 (36%)
0 (0%)
3 (27%)
20.0 0.033
(18.2-NA)
6.82 <0.001
(5.21-NA)

HER2: Human Epidermal Growth Factor Receptor 2; CEA: Carcinoembryonic Antigen; CA199: Carbohydrate
Antigen 19-9; CA125: Cancer Antigen 125; IQR: Interquartile Range; OS: Overall Survival; PFS: Progression-Free

Survival.

* 0 (Negative): No membrane positivity, 0% proportion; interpreted as negative;

1+ (Weakly Positive): Weak membrane positivity, <10% proportion; interpreted as negative;

2+ (Equivocal): Moderate to strong membrane positivity, 10-50% or >50% proportion; interpreted as equivocal, FISH

testing recommended;

3+ (Positive): Strong membrane positivity, >50% proportion; interpreted as positive.

** Five patients have double gene mutations.
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FIGURE 3. Binary Pathological Classification Prediction Performance.
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